In this paper, we explore the different minimal case solutions to the rotational alignment of IMU-camera systems using homography constraints. The assumption that a ground plane is visible in the images can easily be created in many situations. This calibration process is relevant to many smart devices equipped with a camera and an inertial measurement unit (IMU), like micro aerial vehicles (MAVs), smartphones and tablets, and it is a fundamental step for vision and IMU data fusion. Our solutions are novel as they compute the rotational alignment of IMU-camera systems by utilizing a first-order rotation approximation and by solving a polynomial equation system derived from homography constraints. These solutions depend on the calibration case with respect to camera motion (general motion case or pure rotation case) and camera parameters (calibrated camera or partially uncalibrated camera). We then demonstrate that the number of matched points in an image pair can vary from 1.5 to 3. This enables us to calibrate using only one relative movement and provide the exact algebraic solution to the problem. The novel minimal case solutions are useful to reduce the computation time and increase the calibration robustness when using Random Sample Consensus (RANSAC) on the point correspondences between two images. Furthermore, a non-linear parameter optimization over all image pairs is performed. In contrast to the previous calibration methods, our solutions do not require any special hardware, and no problems are experienced with one image pair without special motion. Finally, by evaluating our algorithm on both synthetic and real scene data including data obtained from robots, smartphones and MAVs, we demonstrate that our methods are both efficient and numerically stable for the rotational alignment of IMU-camera systems.
Introduction
With the omnipresence of smart devices, the fusion of vision and IMU data play an important role in a wide variety of applications such as simultaneous localization and mapping (SLAM) [1] and structure from motion (SfM) [2, 3] . In order to perform data fusion, IMU-camera calibration must be performed in advance to determine the 5 transformation between the IMU coordinate system and the camera coordinate system, which consists of a rotational component and a translational component.
For many applications only the rotational alignment is of importance, and the translational component between the IMU and the camera coordinate systems does not need to be calibrated. Example applications are up-righting photos on a smart phone or spe-10 cial instances of visual-inertial ego-motion estimation [3, 4] . However, the accuracy that can be achieved with these applications highly depends on the axis alignment between the IMU and the camera coordinate system. Therefore, this paper focuses on the rotational alignment of IMU-camera systems. 
IMU-camerabcalibration Camerabmotion
Non-linearboptimization Figure 1 : Overview of the proposed IMU-camera calibration methods. Our methods not only can be used to calibrate the rotational component between the IMU and the camera using a single image pair, but also can be used to achieve robust calibration results using RANSAC on multiple image pairs through exhaustive pairwise matching.
IMU-camera calibration can be regarded as hand-eye calibration regarding the IMU 15 as the hand [5, 6, 7, 8, 9] , which has been widely considered for robotic or automotive applications. Most of these methods compute the hand-eye calibration from rigid transformation matrices of subsequent time steps. In our work, we propose to compute the IMU-camera calibration directly from feature matches and also propose a robust estimator by utilizing the RANSAC [10] to cope with outliers in the data. For such a
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RANSAC scheme, a minimal case solution is of the utmost importance, because the number of random samples that must be taken to find one outlier free sample depends exponentially on the number of parameters to instantiate one hypothesis. The goal of this paper is to describe a technique allowing the rotational alignment of IMU-camera systems to be performed robustly and accurately. Figure 1 illustrates the proposed 25 IMU-camera calibration methods. We derive different minimal solutions depending on the calibration case:
• If the motion of the calibrated camera is general motion including rotation and translation, we develop a minimal solution using 3 point correspondences. The solution is novel as it computes the camera motion and the IMU-camera calibra-30 tion simultaneously.
• If the motion of the calibrated camera is a pure rotation or can be approximated effectively as a pure rotation, we will see that only 1.5 point correspondences are required to calibrate the rotational component between the camera and the IMU.
• If there is a partially uncalibrated camera, whereby the intrinsic parameters ex- 35 cept the focal length are known, and the motion of the camera is a pure rotation, we use 2 point correspondences to retrieve the focal length of the camera and IMU-camera calibration.
Our contributions can be summarized in the following way:
• We derive the minimal case solutions for the rotational alignment of IMU-camera 40 systems using homography constraints. By applying a first-order approximation of the rotation (when the three installation angles between the IMU and the camera are approximately known), a practically usable implementation could be found. These methods are efficient within a RANSAC scheme, and they can also be effectively used to perform IMU-camera calibration on devices with limited 45 computational power (e.g. smartphones and tablets).
• The proposed methods remove the requirement for the prior knowledge of the camera poses. We directly minimize the image transfer residuals based on homography constraints, rather than conduct an algebraic minimization of transformation matrices between the IMU and the camera. The objective function based 50 on the image measurements is a geometrically more meaningful criterion.
• Our solutions are novel as they allow us to compute the camera motion and the IMU-camera calibration simultaneously without using a known calibration device or any special hardware.
The proposed methods are evaluated on synthetic and real data sets. We test the 55 algorithms under different levels of rotation magnitude and image noise. The synthetic results show that our solutions do not show a significant loss in accuracy when operating under the assumption of first-order rotation approximation. We conduct a detailed analysis of real data sets, including a robotic data set, a MAV data set and a common smartphone data set, and compare the results with these from state-of-the-art methods.
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In particular, we demonstrate the use of the proposed methods under the challenging condition of only using a small number of images for calibration. Further, we evaluate the accuracy obtained using different calibration methods with the ground truth. The calibration results confirm the validity and robustness of the proposed IMU-camera calibration methods.
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The remainder of the paper is structured as follows. First, we review related work in Section 2. In Section 3, we establish basics and notations for IMU-camera calibration methods using homography constraints. In Section 4, we derive the different minimal case solutions using the Gröbner basis technique or analytical method according to the calibration case and describe the non-linear parameter optimization over all image 70 pairs. In Section 5, we validate the methods experimentally using both synthetic and real scene data. Finally, concluding remarks are given in Section 6.
Related work
The IMU-camera calibration problem and the related hand-eye calibration problem have already been addressed by various authors in many papers. A class of approaches
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to this problem use a filter-based approach to estimate the calibration information as part of visual-inertial sensor fusion [11, 12, 13] . These approaches use inertial measurements directly and consider the correlations between the IMU measurements. A high camera frame rate is required because of the large number of DOFs in those approaches.
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In addition, some methods address the problem of rolling shutters in camera sensors due to high frame rate [14, 15, 16, 17] . Rolling shutter constraints are important for calibrating from video sequences, where the camera is moving during acquisition.
But in our case, we are taking images but not recording the video. There is not fast relative motion between the scene and the camera. Even when we use a rolling shutter 85 camera, we will acquire still images. In addition, we require a static scene, so a rolling shutter camera will not produce artifacts with a non-moving camera and a static scene.
The rolling shutter effect is not necessary to taken into account in our paper. Moreover, some methods require knowledge about the properties of the scene, e.g. known calibration targets [12, 18, 19] . In contrast, a method for IMU-camera calibration without the 90 use of a known calibration device or any special hardware is presented in this paper, which is useful in many situations where calibration device or special hardware will not be allowed or provided.
Typically, common IMUs output the complete rotation information with respect to the IMU reference coordinate system. Hence, in the following review, we focus on shown that the transformation between the IMU coordinate system and the camera coordinate system X can be determined with at least two motions along non-parallel rotation axes [9] . The existing methods can be divided into three groups. The first group of methods solves the rotational and translational components separately [6, 8, 9] or only solves the rotational component [20] . The second group of methods solves the 105 rotational and translational components simultaneously [5, 6, 7, 21] . Kukelova et al. [7] presented the minimal problem of hand-eye calibration for the situations, whereby the translational components of the hand can be measured but rotational components are not known. The transformation X is solved by the minimal number of two relative movements, and the solution can be refined afterward by applying the optimization 110 method of Zhuang and Shiu [21] . However, both groups of methods require the prior knowledge of the camera poses, which are recovered by a calibration pattern or a SfM approach.
Recently, another group of methods has been described that use image measurements directly and do not require prior knowledge of the camera poses. ticeable. Such data is close enough to a pure rotation case such that an algorithm for a pure rotation case can be applied to it. In the pure rotation case, it also has already been established that it is possible to recover the focal length of the camera [29] .
Mathematically, given the relative rotations as measured in two coordinate frames, the relative rotation between two coordinate frames can be found using the Procrustes 140 method [30] . As the relative camera rotations in this case are computed from image features, the accuracy of the relative rotations depend on the image features. In [31] ,
error propagation was used to analyze the dependency on the quality of the image features, and it has been stated that the method which directly minimizes the image transfer residuals leads to better results than the Procrustes method.
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In this work, rather than computing essential matrices to extract the relative motions, the relative motions are extracted from homographies computed between image pairs. The estimation of a homography needs fewer point correspondences than the estimation of the essential matrix, which is beneficial for use in a RANSAC loop. The assumption that a ground plane is visible in the images lowers again the number of 150 necessary point correspondences, while this condition can easily be created in many situations.
Ventura et al. [32] propose a minimal solution for estimating the motion of a multicamera rig by using a first-order approximation to relative pose. In many practical cases, the approximate installation relationship between the IMU and the camera is 155 known (e.g. hand-measured or extracted from device layouts). Therefore, we can safely use a first-order approximation of the rotation matrix, which simplifies the IMU-camera calibration problem and allows us to find minimal case solutions.
Basics and notations
With known intrinsic camera parameters, a general homography relation between 160 two different views is represented as follows [33] :
where
T are the normalized homogeneous image coordinates of the points in views i and j, and λ is a scale factor. H is the homography matrix, R and t are the rotation and the translation from views i to j, respectively, and The illustration of the camera coordinate system Fc, IMU coordinate system F imu , IMU reference coordinate system Fr and aligned camera coordinate system Fa. We show both a general image pair (left) and aligned image pair (right).
As shown in Figure 2 , the rotational alignment difference between F c and F imu is expressed with R calib , while the orientation estimations from F imu to F r are given by R imu . The rotations of views i and j can be expressed as T . The homography relation between views i and j can be re-expressed as:
Tt , the camera-plane distance d is set to 1 and absorbed by t [3] . By this the homography between views i and j can be rewritten as:
In order to further eliminate the unknown scale factor λ, we multiply both sides of Eq. 1 by the skew-symmetric matrix [x j ] × , which yields the equation:
Eq. 4 has three rows and only imposes two independent constraints on H. Moreover, we exploit the fact that image correspondences are still related by homography when the motion of the camera between two views is a pure rotation or can be effectively approximated as a pure rotation. In this way, we also consider the special 170 IMU-camera calibration case that the translation t from views i to j is zero.
IMU-camera calibration using homography constraints
This section describes the proposed algorithms for the rotational alignment of IMUcamera systems using a homography formulation. In particular we describe the derivation of polynomial equation systems to be used to compute the unknown rotational 175 alignment parameters. We describe how these polynomial equation systems can be solved by making use of a Gröbner basis solver or in a specific case by making use of the 3Q3 method.
In the following subsections, we give the derivation of the 3pt algorithm for the calibrated camera for a general motion case. Then we give the derivation of the 1.5pt
180 algorithm for the calibrated camera for a pure rotation case. Finally, we give the derivation of the 2pt algorithm for the partially uncalibrated camera (unknown focal length)
for the pure rotation case.
3pt calibration method for the general motion case
By parametrizing R calib by three rotations (x, y, z) and substituting it into Eq.
3, we attain polynomial equations with 9 unknowns, i.e. 6 rotation parameters r = [cos(x), sin(x), cos(y), sin(y), cos(z), sin(z)] T , and 3 translation parameters for t =
[t x , t y , t z ] T . Each point correspondence gives 2 linearly independent equations based on Eq. 4. The equations from 3 point correspondences give a total of 6 polynomial equations:
The three additional trigonometric constraints in rotation parameters r can be utilized:
Combining Eqs. 5 and 6, we attain 9 polynomial equations in 9 unknowns. A 185 suitable way to find an algebraic solution to such a polynomial equation system is to use the Gröbner basis technique [34] . We use the automatic Gröbner basis solver described by Kukelova et al. [35] . Evaluating the Gröbner basis, we find that the polynomial equation system has a maximum polynomial degree of 6 and up to 48 solutions. The produced Matlab-code indicates the number of operations necessary, which involves Our key observation is that in smart devices such as smartphones and tablets, the approximate installation relationship between the IMU and the camera which is defined as R A is known from hand measurements or obtained from device layouts and is usually approximated with 0 • , ±90
• or 180
• . We can safely approximate the rotation matrix to the first-order, which simplifies the polynomial equation system. First, we rotate the image features in views i and j using the approximate installation relationship
The remaining rotation between the IMU coordinate system and the rotated camera coordinate system is small. This allows us to replace the remaining rotation matrix R calib by its first-order expansion:
T is a three-dimensional vector. The corresponding exact rotation matrix can be retrieved by projecting the matrix to the closest rotation matrix. Like Eq.
3 and Eq. 4, we attain the new homography equation and homography constraints for the rotated image features:
The unknowns we are seeking for are the calibration parametersr = [r x ,r y ,r z ]
T and the translationt = [t x ,t y ,t z ] T from the rotated views i to j. Based on Eq. 10, the equations from 3 point correspondences give a total of 6 polynomial equations:
The automatic Gröbner basis solver [35] shows that this polynomial equation system has a maximum polynomial degree of 2 and at most 24 solutions. This equation system only needs 766 lines to print out. We use each solution to compose the homography for the rotated image features with Eq. 9 and choose the solution which has the maximum number of inliers in the RANSAC loop. From this robust estimation procedure, we obtainR calib andt for each image pair. We finally calculate the rotational component R calib between the IMU and the camera with:
At the same time, the camera motion is recovered as well. The relative motion between views i and j in Eq. 1 is calculated by:
4.2. 1.5pt calibration method for the pure rotation case
By again using the first-order approximation of the rotation, we propose two methods to perform IMU-camera calibration for the pure rotation case with the calibrated camera, specifically, the Gröbner basis method and the proposed analytical solver called the 3Q3 method. 
Gröbner basis method
Assuming thatt is [0, 0, 0] T in Eq. 9, the homography matrixĤ with pure rotation case is given by:Ĥ
The unknowns we are seeking for are the calibration parametersr = [r x ,r y ,r z ] T .
According to the homography constraints in Eq. 10, the equations from 1.5 point correspondences give a total of 3 polynomial equations:
The Gröbner basis solver [35] shows that this polynomial equation system has a 205 maximum polynomial degree of 2 and at most 8 solutions. This equation system only needs 151 lines to print out. An interesting fact in this case is that only one of the two available equations from the second point is used. Although the RANSAC loop requires us to sample 2 points for this method, it is now possible to run a consistency check on the second point correspondence. To identify an outlier free homography 210 hypothesis, one remaining equation has also to be fulfilled. We choose the solution which has the maximum number of inliers in the RANSAC loop, then we finally attain the rotational component R calib between the IMU and the camera by Eq. 12.
3Q3 method
The IMU-camera calibration for the pure rotation case can be formulated as the 3Q3 215 problem [36] , which contains three quadratic equations with three unknowns. Now, we denote the problem of solving the three quadrics with three unknowns and propose the analytical solver as a 3Q3 solver. 
with: 
The equations have a maximum polynomial degree of 2. Using 1.5 points, we can 220 compute the three unknowns (r x ,r y ,r z ) based on three equations. We use the two constraint equations of the first point and the first constraint equation of the second point. The polynomial equation system can be expressed as follows:
where the problem coefficients are c ij , i = 1, 2, 3, j = 1, 2......, 10. We 'hide' the unknownr x , which leaves us with two unknownsr y ,r z , and Eq. 21 can be rewritten [36] :
11 (r x ) s [2] 12 (r x ) s [3] 13 (r x ) s [2] 21 (r x ) s [2] 22 (r x ) s [3] 23 (r x ) s [3] 31 (r x ) s [3] 32 (r x ) s
where the upper index [·] denotes the maximum possible degree of the respective polynomial s ij (r x ).
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Now, as in the hidden variable resultant method mentioned previously, we can find an up to degree 8 polynomial inr x :
The unknownr x has at most 8 solutions and can be computed as the eigenvalues of the companion matrix of det(M(r x )). Then, the corresponding solutions for the unknownsr y ,r z can be obtained by performing SVD after substituting the particular solutions forr x into M(r x ).
4.3. 2pt calibration method with an unknown focal length for the pure rotation case
230
In this case, we assume that we have a camera equipped with an IMU with known intrinsic camera parameters except for an unknown common focal length. This is a typical case encountered in practice. For example, it is often practical to assume that the principal point and aspect ratio can be considered as fixed and known for a certain camera [33] , the focal length of camera is constant across multiple views.
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Brown et al. [29] have presented a solution to the problem of estimating rotation and the focal length from two images in the same scene undergoing pure rotation by using two point correspondences. Inspired by Brown et al. [29] , we firstly compute the focal length f using two point correspondences and normalize image coordinates using the focal length. Then, we use the Gröbner basis method in Section 4.2.1 or 3Q3 method in Section 4.2.2 to calibrate the rotational alignment between the IMU and the camera.
Non-linear parameter optimization
Using the 3pt calibration method for the general motion case or the 1.5pt calibration method for the pure rotation case, R calib , t ij and the corresponding inliers can be obtained for each image pair, leading to N p inliers in M image pairs, whereby each 245 image pair is referenced by p. Note that all translation parameters t ij are 0 in the pure rotation case. In the optimization step, the translation parameters of the M image pairs are fixed, and the rotation parameters R calib between the IMU and the camera are optimized using all the inliers. The cost function which minimizes the total transfer errors is as follows:
whereR is the three-parameter rotation estimate used for optimization. Using 2pt calibration method with the unknown focal length for the pure rotation case, the focal length f and the rotation parameters R calib between the IMU and the camera are optimized together using all the inliers. The cost function which minimizes the total transfer errors is as follows: The Cauchy function is used to create a robust cost function in the optimization process, to reduce the influence of outliers that may still be present.
We set the σ parameter of the Cauchy function to 2 pixels, which is similar to the inlier threshold of the RANSAC loop, which is also 2 pixels. 
Experiments
We validated the performance of the proposed IMU-camera calibration methods using both synthetic and real scene data, including the 3pt calibration method for the general motion case (3pt), the 1.5pt calibration method for the pure rotation case (1.5pt-GB and 1.5pt-3Q3) and the 2pt calibration method with the unknown focal length for 270 the pure rotation case (2pt-GB and 2pt-3Q3).
In all of the experiments, we compared the rotational component between the IMU and the camera (in Euler angles) and compared the relative translation between views i and j separately. The used error measure compares the angle difference between the true rotation and estimated rotation. Since the estimated translation between views i 275 and j is only known up to scale, we compare the angle difference between the true translation and estimated translation. The errors are computed as follows:
• Translation error: ξ t = arccos((t
T gt t)/( t gt t ))
R gt , t gt denote the ground-truth transformation and R calib , t are the corresponding 280 estimated transformations.
Experiments with synthetic data

Accuracy with increasing rotation
We evaluate our approach with respect to increasing amounts of remaining rotation, as we approximate the remaining rotation matrix to the first-order and truncate 285 the higher-order terms. For this experiment, normalized image points are generated randomly and point matches are computed by the ground truth homography. The number of independent trials is 10000, and three approximate installation angles between the IMU and the camera are chosen randomly, from −180
• to 180
• . We set three approximate angles between the IMU and the camera as known and use this approximate 
Accuracy with increasing image noise
We synthesize a pinhole camera with zero skew and an unit aspect ratio that has a resolution of 800×640 pixels. The principle point is assumed to be at the image cen- 
Real scene data experiment
Our real image data sets consist of a data set from a mobile robot, a data set acquired with a common smartphone (SONY LT22i) and a data set from a micro aerial vehicle (MAV). For each of these data sets, we show the results of a detailed analysis and compare these with those obtained using state-of-the-art methods. The robotic scenario and smartphone data set are used to evaluate the 3pt method. Using the smartphone data 340
set, we also demonstrate that the proposed method can be used with a small number of images under challenging conditions. All the proposed calibration methods were also evaluated with the MAV data set. We compared our methods to state-of-the-art methods that can handle the same input data, which are small wide baseline image data sets without calibration targets. Methods which need specific calibration targets in the 345 images and require video data were not used in our comparison e.g. Crisp [17] and Kalibr [19, 37] .
For each data set, we consider feasible image pairs for image matching. For each image pair, features matches are created using SURF feature matching [38] , and the calibration parameters are estimated using our method within a RANSAC loop [10] . We
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use an inlier threshold of 2 pixels and a fixed number of 100 iterations for RANSAC.
All inliers of all the image pairs are stored for the subsequent optimization step. Considering that different rotational estimates have been computed for each image pair, we choose the median and mean angle values of the rotations of all image pairs as the initial values for non-linear parameter optimization, respectively. However, the optimization 355 converged to the same result for both initializations in all experiments. The intrinsic parameters of the cameras were obtained in advance, except for the 2pt method. Finally, we also obtained a comparison to the ground truth by using a calibration target for all our methods.
Real data from the Vicon data set
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The Vicon data set has been acquired with a perspective camera mounted on a mobile robot. The camera is synchronized with a Vicon motion capture system consisting of 22 tracking cameras. Vicon markers are attached to the camera mount and the pose is tracked by the Vicon system. In this experiment, the Vicon poses are used as IMU data. Heller16. Table 1 shows the calibration results obtained by the computations using all the methods. There is no ground truth for the rotational component between the IMU and the camera, so we cannot assess the accuracy quantitatively. As can be seen, Park94, Horaud95 and our approach are close to the installation angles. We were not able to Vicon data set is shown in Figure 5 . The inlier transfer error is computed from the individual terms in Equation 24 . 
Real data from the SONY LT22i smartphone
To demonstrate that the 3pt method also works on currently-available consumer smartphones, we tested it with the SONY LT22i equipped with a camera and an IMU.
We determined the approximate installation angles of the SONY LT22i to be (180
. 42 images of 3264×2448 pixels are captured by its rear camera. Due to the 400 lack of translation information of the smartphone, Daniilidis99 and Heller16 cannot be tested for comparison.
Like the Vicon data set, the image poses are computed using COLMAP. Table   2 shows the calibration results computed by the 3pt method and the other hand-eye calibration methods. As can be seen, the results yielded by Tsai89 and Horaud95
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significantly deviate from the actual installation angles. Park94 and our 3pt method, in comparison, yield results that are close to the installation angles. This shows that our 3pt method is effective for this scenario as well. The histogram of inlier transfer errors for the Sony data set is shown in Figure 6 (a). The orthophotos of the images rectified using the calibration results are shown in Figure 7 . To test the robustness of our 3pt method, we perform an experiment under the challenging condition of using only a small number of images. We only take 8 images of the data set for a calibration experiment. The calibration results in Table 3 show that only our 3pt method works effectively for this challenging data set. The histogram of inlier transfer errors is shown in Figure 6 (b).
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Our 3pt method computes the camera motion and the IMU-camera calibration simultaneously. This allows us to visualize the camera motion. We align the pose of one camera of the data set with an estimate from COLMAP and transfer the scale from COLMAP to our results. The camera motion of the challenging data set recovered by our 3pt method is shown in Figure 8 . Compared with COLMAP, the rotation and 420 translation differences are shown in Table 4 : The rotation and translation differences of the camera poses between our 3pt method and COLMAP for the Sony 8 images data set. 
Real data from the MAV
To demonstrate the 3pt (both rotation and translation for the camera), the 1.5pt
(pure rotation for the camera) and the 2pt (pure rotation for the camera with unknown focal length) calibration methods in a realistic scenario we have collected two data sets with our Pixhawk drone, see Figure 9 . The data sets under general motion and In Table 5 , we show the calibration results of the different calibration algorithms.
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All calibration results are similar. All our methods (the 1.5pt, 2pt, GB and 3Q3 methods) have quite consistent calibration results. The focal length estimation using the 2pt method is also quite accurate compared to the calibration results obtained with the Bouguet toolbox.
Accuracy evaluation
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In this final experiment, we continue to use the MAV to acquire a data set of images for a calibration target to evaluate the accuracy of the calibration results as compared to the ground truth (see Table 5 ). is horizontally placed on the ground floor. Four motion tracking markers are placed onto the corners of the checkerboard, see Figure 10 (a). The size of each checker is We randomly take 49 images around the checkerboard at the distance of 1m, and we use OPnP algorithm [41] and the camera is calibrated using our methods. The reprojection error is used to evaluate the accuracy of our calibration results. The reprojection error is the mean distance between the measured image corners and the reprojection of the 3D corner of the cal-ibration target using our calibration results. The results of the different methods are shown in Table 6 . When we use the approximate installation angles between the IMU 475 and the RGB camera (113
• ) which come from the design of the 3D printed mount, the reprojection error is 11.5408 pixel. However, the calibration results of our methods produce lower reprojection errors than using the approximate installation angles directly. It means that even though the final estimation is mostly very close to the initial estimation (within 2 degrees), it is still necessary to calibrate the rotational After performing IMU-camera calibration, we obtain the pose of the RGBD camera 490 directly. To verify the calibration results intuitively, we reconstruct a common scene using the RGBD camera. We take the reconstruction results based on the calibration results of the 3pt method, as example, see Figure 10 (b). This experiment successfully demonstrates the practicability of our proposed calibration method. Calibration results Ground Truth 3D printer 3pt 1.5pt-GB 1.5pt-3Q3 2pt-GB 2pt-3Q3
Reprojection error (pixel) Table 6 : The results of the accuracy evaluation using the checkerboard data set captured by the MAV. The reprojection errors are used to evaluate the accuracy of different calibration methods as shown in Table 5 .
Conclusion
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In this paper, we focused on the rotational alignment of IMU-camera systems. We presented novel minimal case solutions to the IMU-camera calibration problem utilizing a first-order rotation approximation. We formulated this problem as a problem of solving a polynomial equation system derived from homography constraints. This made it possible to derive algorithms that need fewer point correspondences for IMU-500 camera calibration as compared to state-of-art methods. We derived the solution with minimal point correspondences varying from 1.5 to 3 using Gröbner basis method and analytical solver. By evaluating our algorithm on synthetic and real-world image data sets, we demonstrated that our method is more efficient and numerically stable for IMU-camera calibration compared to state-of-the-art methods.
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Future work includes developing applications for smart devices, such as real-time rectification for tilted pictures and image stabilization.
